Unlike the data from traditional sources, there have not been standard ways to validate the quality and reliability of information derived from big data. This article argues that the theory of urban formation can be used to do the validation. In addition, the information derived from big data can be used to verify and even extend existing theories or hypotheses of urban formation. It proposes a general framework regarding how the theory of urban formation can be employed to validate information derived from smart card data and how the validated information can supplement other data to reveal spatial patterns of economic agglomeration or human settlements. Through a case study of Beijing, it demonstrates the usefulness of the framework. Additionally, it utilizes smart card data to delineate characteristics of subcenters defined by bus commuters of Beijing.
INTRODUCTION
Human movements and related activity centers at the intrametropolitan level have been a topic of lasting interest to geographers, planners, modelers and the like (Cervero, 1998; Hanson & Giuliano, 2004; Salas-Olmedo & Nogué s, 2012; de Dios Ortúzar & Willumsen, 1990) . Data and information from traditional sources such as field trips, interviews, archives, surveys and censuses dominate related studies. Only in recent years have passive usergenerated big data such as smart card data been introduced in those studies (Tao et al., 2014; Kim et al., 2014; Briand et al., 2017; Wang, M. et al., 2016) . Existing studies based on smart card data have demonstrated that smart card data can be used to reveal the spatial-temporal dynamics of bus trips, to identify subway trip between stations and to detect zones that share trip origins or destinations in proximity. It is argued that smart card data could support evidence-based transit planning (Tao et al., 2014) and could facilitate the simultaneous discovery of zones and subway passenger movements between these zones (Kim et al., 2014) .
Little has been done, however, on how smart card data can be used to verify the theory of urban formation, for instance, the Zipf's law or the power law in general and how the theory of urban formation can be used to validate the quality and reliability of information derived from smart card data when they are employed to reveal spatial patterns of economic agglomeration or human settlements at the intrametropolitan level, that is, where people prefer to work or reside in a metropolis. In this study, we argue that the theory of urban formation can be used to validate and calibrate the quality and reliability of information derived from smart card data. We propose a general framework regarding how the theory of urban formation can be employed to validate information derived from smart card data and how the validated information can supplement other data to reveal spatial patterns of economic agglomeration or human settlements. Through a case study of Beijing, we demonstrate the usefulness of the framework. Specifically, we elucidate how the framework can guide us to (a) derive and calibrate bus commuters' residence and workplace based on smart card data and other data from traditional sources; (b) use the derived information to verify Zipf's law; (c) combine processed smart card data and other data to reveal spatial patterns of subcenters of employment and residence.
The reminder of the article is organized as follows. The next section (Section 2) is a review of relevant literature. Section 3 describes our proposed framework. Section 4 is our case study, which is used to demonstrate the usefulness of the framework. Section 5 concludes.
RELATED LITERATURE

Smart card data and human movement studies
Smart cards are not new technologies in the transit field. Transit professionals and administrators have used the data produced by smart cards to do jobs at three levels: (a) strategic (long-term planning); (b) tactical (services adjustments and network development); (c) operational (ridership statistics and performance indicators) (Pelletier, Trepanier, & Morency, 2011) . Transit researchers have employed smart card data as new input to do more than the above, showing that smart card data have great potential. Bagchi and White (2005) , for instance, demonstrate that smart card data can help estimate turnover rates, trip rates per card on issues and linked trips. Morency, Trepanier, and Agard (2007) successfully measure spatiotemporal variability of transit trips in Gatineau, Canada based on smart card data in that city. In Seoul, Park, Kim, and Lim (2008) describe the characteristics of public transit users, such as the number of transfers, boarding time, hourly trip distribution of the number of trips for different transit modes, and travel time distribution for all transit modes and user types by using both local smart card and survey data. They argue that smart card data have the potential to supplement and even replace survey data in those regards. Similar to Morency, Trepanier, and Agard (2007) , Liu, L. et al. (2009) use the smart card of Shenzhen to characterize spatial and temporal mobility patterns at the city and individual levels. They argue that their methodologies are replicable and can be useful for transportation planning and management. Taking advantage of the individual-level subway movement data provided by "Oyster" card in London, Roth et al. (2011) show the structure and organization of that city in terms of intraurban movement, hierarchy and activity centers.
Using the smart card and household travel survey data from Singapore, Chakirov and Erath (2012) identify the number of work activities and their locations in that city-state. They conclude that smart card data from public transport offer significant potential for studies of travel behavior and activity identification. Their work, however, shows that despite the fact that processed smart card data from the local public transit system can reasonably detect work places but are subject to biases. In their case study of Singapore, they admit that the number of work places based on smart card data from the local public transit system can be underestimated. In other words, smart card data are often not full-population data but data of a bigger sample than the traditional survey data. There are cases that we need to take this into account and find ways to correct possible biases in research results based on smart card data. This should not be a surprise to researchers, as smart cards' main function is collecting the fare in the transit field (Pelletier, Trepanier, & Morency, 2011) and thus smart card data could have their limitations, for instance, they do not collect information of interest to researchers such as trip length (Bagchi & White, 2005) , trip destination (e.g., (Li et al., 2011) ) and socio-demographics of trip makers (Long, Zhang, & Cui, 2012) . Methodologies thus have to be developed and supplementary data have to be used for researchers to obtain relevant information based on smart card data. Li et al. (2011) and Munizaga and Palma (2012) are two cases in point, which show how smart card data and other data could be used together to derive origin-destination matrices of transit trips, which are necessary input for any serious transportation system analysis. More recently, authors have used smart card data to help complete extra studies of transit trips and activity centers. Zhong et al. (2014) , for instance, have used smart card data of Singapore for multiple years to profile the polycentrism in that city and how it evolved over time. Tao et al. (2014) utilize the smart card data from the bus rapid transit (BRT) and regular buses in Brisbane, Australia to geo-visualize the spatiotemporal patterns of BRT and regular bus trips. They argue that similar work can enhance the evidence-based BRT planning. Kim et al. (2014) propose a new approach to using smart card data as input to identify zones and movements between zones simultaneously.
More recently, Wang, M. et al. (2016) apply smart card data to identify frequent visiting locations of college students in Beijing. Alsger et al. (2016) validate different origin-destination estimation algorithms. Briand et al. (2017) categorize public transit riders based on the temporal features of the smart card usage. Zhong et al. (2016) compare mobility patterns of smart card users in London, Singapore, and Beijing. Further, Ma et al. (2017) develop a data mining method to understand spatiotemporal commuting patterns of smart card users.
2.2
The theory of urban formation and smart card data
Researchers have always attempted to explain the universal driving forces such as economic agglomeration, economies of location or urbanization and to identify laws such as the gravity law, rank-size rule or Zipf's law that govern the formation, evolution and interaction of cities, including intra-and inter-metropolitan movements of people and cargo (e.g., Anas, Arnott, and Small (1998) , Barthé lemy (2011), Simini et al. (2012) , Zipf (1946) ). If we regard related knowledge and insights from the above explorations as "the theory of urban formation", then there have been numerous studies of the theory of urban formation. Existing studies of the theory of urban formation, however, reply heavily on data from traditional sources such as censuses and ad-hoc surveys. Giuliano and Small (1991) , for instance, use the 1980 Census journey-to-work data to study employment subcenters in the Los Angeles region. Anas, Arnott, and Small (1998) employ census data of multiple years and of different countries in their studies of urban spatial structure. Bento (2003) examine the impact of urban spatial structure on travel demand in the US based on the 1990 National Personal Transportation Survey data. It is only recently that a few researchers have started exploring how smart card data from transit can facilitate studies of the theory of urban formation. Roth et al. (2011) and Zhong et al. (2014) are two examples. Roth et al. (2011) are interested in characterizing intraurban movement, hierarchy and activity centers based on smart card data from London's Metro. Zhong et al. (2014) apply recent methods in network science and their generalization to spatial analysis to identify city hubs, centers, and borders in Singapore with the 2010, 2011 and 2012 smart card data of that city's transit system.
Few existing studies, however, have applied the theory of urban formation to verify reliability of smart card data or information derived from them. Roth et al. (2011 ), Eubank et al. (2004 and Gutié rrez and Garcí a-Palomares (2007), for instance, have all found that the movement patterns in large cities exhibit a heterogeneous organization of flows. But according to our knowledge, nobody has used this finding to verify reliability of smart card data, regardless such data cover a large or small sample. In this article, we argue that on the one hand, smart card data can facilitate more studies of the theory of urban formation; on the other hand, the known theory of urban formation, for instance, the above finding about heterogeneous organization of flows in large cities, can be employed to verify representativeness and reliability of smart card data or information derived from them. Later in this article, we will use a case study to show we use smart card data from the bus system in Beijing for us to identify employment subcenters in the city and how we verify those identified subcenters are representative and reliable based on Zipf's law.
3.
PROPOSED FRAMEWORK Figure 1 . Proposed framework for better linking the theory of urban formation and smart card data Considering the above literature review, we propose the following general framework regarding how we can have more meaningful linkages between the theory of urban formation and smart card data so that we could do a better job when we use smart card data to facilitate studies of the theory of urban formation and employ the theory of urban formation to verify the representativeness and reliability of smart card data and information derived from them.
In this framework, we argue that data from traditional sources (e.g., censuses, interviews and surveys), smart cards and the combination of traditional sources and smart cards can serve as input for studies of urban formation. There have been a notable number of publications on how we ensure the representativeness and reliability of data from traditional sources (e.g., Box-Steffensmeier, Brady, and Collier (2008); Statistics Canada (1975) ; Groves (2009) ). However, unlike data from traditional sources, there have been few documented mature and systematic procedures and methodologies to ensure their representativeness and reliability of data and derived information from smart cards. We thus propose that we could use both existing theories of urban formation and data from traditional sources to help us verify and calibrate representativeness and reliability of data and derived information from smart cards, if applicable, before they are fed into our studies of urban formation. We also believe that the introduction of smart card data into studies of urban formation would produce new theories (or hypotheses) of urban formation, which would enable us to more effectively verify and calibrate representativeness and reliability of data and derived information from smart cards.
CASE STUDY
To show the usefulness of the above framework, this section presents a case study, which shows how we use smart card data from Beijing to study bus commuters' employment and residential subcenters.
The Site
Beijing Metropolitan Area (BMA) is our site for case study. It covers an area of 16,410 km 2 and has a population of more than 22 million as of 2015. The BMA lies in northern China, to the east of the Shanxi altiplano and south of the Inner Mongolian altiplano. The southeastern part of the BMA is a flatland, extending east for 150 km to the coast of the Bohai Sea. BMA is the anchor city of the Beijing-Tianjin-Hebei polycentric city-region, which if one of the three most renown city-regions in China (Liu, X., Derudder, & Wang, 2017) . Gaining momentum from China's recent economic success, Beijing, as the capital city, is becoming one of the world's most populous and fastest growing metropolises. The master city plan of Beijing has envisioned a polycentric urban form with one central city and ten subcenters. Detailed information about BMA can be found in Yang et al. (2013) .
Beijing's public transit system consists of buses and subways. The combined share of subway and bus trips in BMA was 38.9%, making Beijing the largest public transit system in terms of daily ridership in China 
Data
For the case study, we were granted access to a full week's historical data from the administrator of the smart card data of the Beijing transit system. The data contain 77,976,010 bus trips of 8,549,072 anonymized cardholders between April 7 and April 13, 2008. Data on subway trips were excluded by the data administrator due to security concerns. Given the fact that 95 per cent of bus users in Beijing are smart card holders, the one week sample is representative of all bus users in the city (Long, Zhang, & Cui, 2012) . Thus, if we simply utilize the above data to study the general behaviors of bus users' in Beijing between bus stops, that is, similar to what Liu, L. et al. (2009) and Roth et al. (2011) do, there should not be any problems. However, if we manipulate the data to derive locations of residences and employment of bus commuters and then identify subcenters of residences and employment for bus commuters, we encounter the issue of representativeness and reliability of the derived information. Technical details regarding how we derive locations of residences and employment of commuters from the smart card data are elucidated in Long, Zhang, and Cui (2012) . By and large, what Long, Zhang, and Cui (2012) does is (a) using data from traditional sources to establish rules for smart card data queries; (b) singling out the most probable locations of residences and employment from smart card data based on those rules. Long, Zhang, and Cui (2012) embodies the procedures in the dash-line rectangle in Figure 1 . It is not unique, for instance, Chakirov and Erath (2012) has processed and queried the smart card data of Singapore in a similar fashion. In our case study here, we thus no longer detail how to derive probable locations of commuters' residences and employment from smart card data; instead, we focus on how we address representativeness and reliability of the derived information based on smart card data.
4.3
Representativeness and reliability of derived locations Roth et al. (2011 ), Eubank et al. (2004 , Gutié rrez and Garcí a-Palomares (2007) among others, find that trips between any two activity centers (e.g., a subway station) exhibit heterogeneous organization. In the log-log plot of the histogram format, the number of trips between any two activity centers follows the power law (Equation 1). Therefore, if we believe that bus commuting trips in Beijing are not exceptions to the above, the derived number of bus commuting trips, that is, flows between corresponding residence and employment based on smart card data should also follow the power law. By analyzing the number of trips (OD flows) for bus commuters and the corresponding histogram, we find home and employment centers for bus commuters in Beijing followed the power law (Figure 2 ). In Figure 2 , we find with a = 0.139 and b = -0.473, the goodness of fit test shows that R-square = 0.926, RMSE = 0.012. Figure 3 visualizes the 216,844 commuting trips between corresponding residence and employment locations for bus commuters. Again, the heterogeneous organization of the trips can be observed, which is in line with the pattern identified by Roth et al. (2011) for London's subway trips. Based on the above, we can at this point be more confident that locations of residence and employment for bus commuters derived from the smart card data in the case of Beijing are likely to be representative and reliable. 
Representativeness and reliability of derived subcenters
After verifying representativeness and reliability of the derived locations of bus commuters' residences and employment, we utilize spatial autocorrelation statistics to identify subcenters of bus commuters' residences and employment. We cannot replicate the approaches in existing studies such as Giuliano and Small (1991) or Anderson and Bogart (2001) to identifying those centers because those approaches deal with all workers. Thus, their proposed thresholds for the total number of employment and density of employment would not be applicable to our case study.
Spatial autocorrelation analyzes the degree of dependency among observations in a geographic space. Positive spatial autocorrelation indicates the clustering of similar values across geographic space, while negative spatial autocorrelation indicates dissimilar values occur near one another. In other words, spatial autocorrelation can help us where there are concentrations of residences or employment of bus commuters in space.
Spatial autocorrelation statistics include Moran's I (Moran, 1950 ), Geary's C (Geary, 1954 ), Getis's G (Getis & Ord, 1992) and so forth. Among these statistics, Moran's I has the longest history and has been the most widely used (Lloyd, 2010 Spatial weights matrix reflects the intensity of the geographic relationship between observations in a neighborhood, such as the distances between neighbors. Moran' I allows us to testify whether there exist subcenters of bus commuters' residences and employment (I>0). However, the fact that the spatial heterogeneity of OD flows for bus commuters between residence and employment locations (Figure 3) suggests that the estimated degree of autocorrelation varies significantly across Beijing. Therefore, local version of Moran's I, as one of those well-established local spatial autocorrelation statistics (Anselin, 1995) , is applied to provide estimates disaggregated to the TAZ level. In this case study, GeoDa software by Anselin, Syabri, and Kho (2006) is applied to test global and local spatial autocorrelation.
First, global Moran's I is used to determine if there exists any subcenter. Results of Moran' I show subcenters of both bus commuters' residences and employment exist (p< 0.001 for both cases). Second, local Moran's I is calculated for each TAZ to determine the residential and employment subcenters. We define a residential subcenter of bus commuters as a TAZ that is surrounded by TAZs with high bus commuters' residences or a TAZ that is surrounded by TAZs with significantly lower bus commuters' residences (i.e. the High-High and High-Low clusters derived from local Moran's I). Similarly, an employment subcenter of bus commuters is defined as a TAZ that is surrounded by TAZs with high bus commuters' employment or a TAZ that is surrounded by TAZs with significantly lower bus commuters' employment (i.e. the High-High and High-Low clusters derived from local Moran's I). Local Moran's I (p= 0.05) reveals that there are 35 subcenters of bus commuters' residences and 40 those of bus commuters' employment. Among these subcenters, there are 8 TAZs serving as both residential and employment subcenters (Figure 4) . Anas, Arnott, and Small (1998) contend that employment centers in a city are analogous to the system of cities in a larger regional or national economy and the former should therefore comply with Zipf's law as well. Based on this, one simple and further check we can do with the derived locations of residences and employment is to test whether the derived subcenters follow Zipf's law. In general, power-law distributions including Zipf's law are plotted on doubly logarithmic axes via cumulative distribution (Equation 3 and 4).
P(x)=P r (X>x) (Equation 3) P(x)=P r (X>x) =C = (Equation 4) In Equations 3 and 4, x is the number of employment by subcenter, α is a constant to be calibrated.
In this case study, Zipf's law tests of derived subcenters of bus commuters are conducted (Figure 5 ), combining combination of maximumlikelihood fitting methods with goodness-of-fit test based on the Kolmogorov-Smirnov statistic and likelihood ratio based on (Clauset, Shalizi, & Newman, 2009) . Results show both employment and residential subcenters of bus commuters follow Zip's law. 
Characteristics of top subcenters
The smart card data alone do not tell us the land use and neighborhood characteristics of the identified subcenters. We thus have to rely on data from traditional sources such as land-use maps, satellite images, field trips and interviews if we want to find out those characteristics, which are of particular interest to geographers, planners and local policy analysts. They need to know those characteristics to better deal with issues such as economic agglomeration, traffic congestion and jobs-housing separation associated with subcenters. The characteristics, nevertheless, would also provide another opportunity for us to check the reasonableness of the identified subcenters. There have been a considerable number of existing studies of employment subcenters in metropolises (e.g., Agarwal, Giuliano, and Redfearn (2012) ; Cervero (1998) ; Giuliano and Small (1993) ). So, when we check characteristics of subcenters we also focus on employment subcenters so that we have more references to make comparisons. Table 1 summarizes characteristics of the employment subcenters for bus commuters we identified in Beijing and those by other researchers elsewhere. (1980, 1990 and 2000) Subcenters remain stable over time; There are new subcenters emerging and growth at established subcenters at the same time; There is rapid growth of dispersed employment in outer suburbs.
The amount and density of employment have changed substantially. Employment and employment density has grown more rapidly in the suburban and exurban centers-but at an uneven rate among them. One thing should be noted is that all the existing studies cited in Table 1 do not separately consider employment subcenters for bus commuters, rather, they consider employment subcenters for all commuters. Thus, we cannot directly compare those subcenters with the subcenters for bus commuters in Beijing. But there are still some similarities between the two groups of subcenters. Most notably, like in Los Angeles, university campuses are subcenters in Beijng too. In addition, there tend to more local jobs than residences in the two groups of subcenters, indicating some degree of jobs-housing imbalance. There are also several notable differences between the two groups of subcenters. First, there tend to be more diverse land uses in employment subcenters in Beijing. Second, there may be more bus stops in or around employment subcenters in Beijing, even in two suburb villages characterized by light industries and agriculture (Table 2) . Third, the subcenters other than university campuses in Beijing are recently emerging and have characteristics that are not found elsewhere, for instance, large-scale all-rounded university employee apartment compounds, high-end gated communities and villages characterized by light industries and agriculture and related tourism. 
CONCLUSIONS AND DISCUSSION
The literature reviewed and the case study conducted in this study show that big data such as smart card data from transit operators have great potential for us to better understand human settlement and movement patterns in metropolis. But as argued by Bagchi and White (2005) and Li et al. (2011) , big data are often not designed to facilitate our studies of human settlement and movement patterns. As shown in the case study, big data have to be processed so as to derive useful information of relevance to those studies. But one challenge facing us is validation of the derive information based on big data. Unlike the data from traditional sources, there have not been mature and established ways of doing the validation. This study therefore proposes a framework regarding how we can validate derived information based on big data. It shows via a concrete case study of Beijing that the theory of urban formation can be used to validate the derived information from the smart card data. Combing the validated derived information from the smart card data with data from traditional sources, it can identify and profile land use and neighborhood characteristics of the employment subcenters in Beijing. This demonstrates that big data should be integrated to traditional data to best inform local researchers and decisionmakers. The study also has the following generalizable implications for other researchers or users of big data:
First, asking the right and appropriate research questions is an important premise of putting big data to better and more usage. Pelletier, Trepanier, and Morency (2011) , for instance, show that when transit professional and administrators look at or use big data, they legitimately focus on issues related to planning and operations of transit. But as demonstrated in other studies such as Zhong et al. (2014) and Roth et al. (2011) big data from transit companies can be used to answer questions beyond transit planning and operations. Given the above, we argue that asking the right and appropriate research questions is an important premise of putting big data to better and more usage. In addition, even we cannot answer those questions right away, those questions could inspire us improve our work of big data, for instance, why shouldn't we redesign our data collection mechanism in advance to capture more relevant information, as recommended by Pelletier, Trepanier, and Morency (2011) .
Second, deriving and validating information from big data demands new protocols, methods and procedures. In our case study of Beijing, yes, 95 percent of bus commuters use a smart card when making a bus trip. But this does not mean that we can automatically and conveniently get bus commuters' locations of residence and workplace, which are of interest to geographers, planners and policy analysts. In the case study, we devise and implement an ad-hoc way to derive and validate the locations. But we should not always devise and implement an ad-hoc way to take advantage of big data each time. For certain big data such as the smart card data in Beijing, we should be able develop some routinized protocols, methods and procedures to increase our efficacy.
Third, linking big data and data from traditional sources (or simply "traditional data") is important to generate more relevant knowledge and insights. In our case study of Beijing, the smart card data can at most tell us where those bus commuters reside and work at the TAZ level. Knowing such information is good but to better inform local decision-makers and researchers, extra information such as land use and neighborhood characteristics is needed. Based on our experience of the case study, it can be more efficient for us to get the extra information based on traditional data. Finally, traditional data provide another opportunity to validate the derived information from big data.
Despite the above features and merits, this study can still be improved and enhanced in several aspects in the future. First, it can validate the locations of bus commuters using extra traditional data, for instance, the bus commuting flow matrices by the local transportation planning agency. Given the planning data hoarding issue in China, this would mean extra work for us to get access to those data (c.f., (Zhou & Wang, 2014) ). But it is definitely worthwhile. Second, it can standardize and streamline procedures and methodologies for the work of deriving and validating residential and workplace locations of bus commuters from smart card data. Third, it can deepen the current studies of bus commuters by collecting extra sociodemographic information of bus commuters, for instance, conducting onboard survey of bus commuters and giving incentives to bus commuters who are willing to complete on-line surveys about their residential and mode choices. If the smart card data can help us identify the settlement and movement patterns of bus commuters, as described above, extra sociodemographic information of bus commuters would enable us to get insights into why there are those patterns and whether and how the patterns can be changed.
